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The U.S. Census Bureau has developed software called the Standardized Economic Processing
System, or SIEPS, that it plansto useto replace 16 separate systems, which are currently used to
process over 100 current economic surveys. Thispaper describesthe methodol ogy and design of
the StEPS modulesfor estimation and variance estimation and chronicles our experiencesin using
these modulesto migrate surveysinto StEPS. The paper concludes with adiscussion of possible
future enhancements to the estimation and variance estimation functionsin StEPS.
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1. Introduction

The U.S. Census Bureau conducts over one hundred establishment surveys. Many of these are surveys of commercial

businesses. A small number are surveys of government institutions. The Census Bureau refers to these surveys as
economic surveys because they collect quantitative data describing business operations of survey units. Also, these
surveys provide economists and other analysts with estimates and data sets needed for macro- and micro-economic
analyses. For example, the Bureau of Economic Analysis uses estimates from economic surveys to determine the
national income and expense accounts.

Economic surveyscan differ widely with respect to characteristics of reporting unitsand content of survey questions.
They areoften similar, however, with respect to data-processing requi rements, which has prompted the Census Bureau
to begin consolidating the survey-processing systems for many of its economic surveys. The development and use
of generalized software, called the Standard Economic Processing System (StEPS) has made this possible.

Thispaper describesthe current capabilitiesof StEPSfor cal cul ating survey estimatesand associated sampling errors.
Sections two through four provide background material. In particular, section two summarizesthe characteristics of
Census Bureau economic surveys that are relevant to calculating survey estimates and sampling variances. Section
three discusses variance estimation methods: those used in thelegacy systems, those evaluated for StEPS, and those
currentlyimplementedin StEPS. Section four briefly describesthe entire StEPS system. Sectionsfivethrough eight
focus on the StEPS Estimates and Variances Module. Section five describes the components of the module, and
section six presents and explains two examples of StEPS estimation scripts. Section seven describes our
implementation experiences for the Estimates and Variances Module in 1998 and 1999. Finally, section eight
describes future activities and possible enhancements.

2. Economic Surveys Conducted by the Census Bureau

The Census Bureau consists of several directorates that conduct censuses and surveys. The most widely known
directorate is the Decennial Census Directorate, which conducts the demographic decennial census. Another
directorate, called the Economic Programs Directorate, conducts economic censuses every five years and conducts
current economic surveys monthly, quarterly, and annually in areas of manufacturing, construction, commercial

services, government services, and foreign trade. Thedirectorates, such asthe Decennia Census Directorate and the
Economic Programs Directorate, are responsiblefor devel oping survey methods and associated processing systems
for the censuses and surveys they conduct.

IN1995 the Economic Directorate beganto consolidateitsprocessing systemsfor current surveys. Thiswaspreceded,
however, by two activitiesthat provided information that was used in planning and directing the consolidation effort.

1This paper reports the results of research and analysis undertaken by Census Bureau staff. It has
undergone amore limited review by the Census Bureau than its official publications. Thisreport isreleased to
inform parties and to encourage discussion.



One of thesewasacompilation of aninventory of the Economic Directorate’ sstatistical practicescarried out by King
and Kornbau (1994). Some of their findings (along with updates for recent survey changes) are the following:

1 Sample designs are primarily single stage, but a number of different sampling methods are used: stratified
sampling, cut-off sampling, Poisson sampling, and Tillé sampling.

Only four types of estimators for (unraked) totals are used: unweighted estimator (used by cut-off surveys),
Horvitz-Thompsonestimator, ratio estimators (combined and separate), and link-rel ative estimator. (Asaresult
of a1997 redesign, the monthly surveys of retail and wholesal e trade no longer use composite estimation.)

A number of different variance estimation methods are used by the economic surveys that calculate sampling
variances: jackknife, method of random groups, balanced repeated replication and sampling-theory formulas.

The other activity that provided useful information wasthe devel opment in 1994 of aprocessing system for the Farm
and Ranch Irrigation Survey (FRIS). This demonstrated the feasibility of the following in developing a production
processing system for an economic survey:

The use of reusable SAS® code configured to individual surveys by analyst-specified parameters,

The use of interactive screensto allow analysts to specify parameters, and

The use of ageneral-purpose variance-estimation program, VPL X, to allow sampledesignersto specify how to
calculate standard errors.

3. Variance Estimation M ethods

The Economic Directorate decided to consolidate its current-survey processing systems by developing a Standard
Economic Processing System, called StEPS. Because one of the functional requirements for StEPS was the
estimation of sampling variances, we carried out several research studies on variance estimation during the
development of StEPS. These studies explored two possible development approaches. (1) reduce the number of
different varianceestimation methods, and (2) useavailablecomputer programsfor cal cul ating desi gn-based variances.

Theavailablecomputer programswe studied wereVPL X, devel oped in-houseby Fay (1990), and SUDAAN, devel oped
by Research Triangle Ingtitute (RTI). VPLX estimates variances by means of replication . It contains options to
estimate variances using randomgroups, jackknife, stratified jackknife, balanced repeated replication, and generalized
replication. (SeeWolter 1985 or Rust 1985 for descriptions of these variance estimation methods.) Prior totheuse
of VPLX inthe FRIS system, VPL X had been used very little by the Census Bureau’ s economic surveys, but it isused
extensively by the Census Bureau’' s demographic surveys of households and by the 2000 population census. RTI has
recently added replication-based methods to SUDAAN, but at the time of our investigation these methods were not
available.

By performing repeated stratified sampling from asimulated FRI S popul ation, Tremblay and Sigman (1996) compared
stratified-jackknife variance estimates calculated by VPLX to variances estimates calculated by SUDAAN using
sampling theory formulas--i.e., § formulas with Taylor-series approximations. One objective of this study was to
evaluatethetwo programsastotheir suitability forinclusionin StEPS. A second objective, however, wasto determine
if in stratified-sample designs the use of the stratified jackknife could replace the use of sampling-theory formulas,
which would be more difficult to program compared to the stratified jackknife. As expected, Tremblay and Sigman
found that for linear estimates, the two programs/methodsyielded identical results. They found, however, that “[f]or
separate-ratio estimation, the larger absolute bias of SUDAAN and the larger variance of VPLX tend to balance each
other when one considerstheroot mean squareerrorsof calculated standard errors.” Tremblay and Sigman concluded
that the choice between SUDAAN or VPLX was not obvious in terms of studied statistical properties. They
recommendedthat StEPSuse VPL X, however, for thefollowing reasons. “VPL X ismoreflexible: basically, anything
that canbeset upinaformulacan bedonein VPLX. ... VPLX is'licensefree’, and consultingismorereadily available
since its developer/maintainer is resident at the Census Bureau.”

Tremblay (1996) extended Tremblay and Sigman (1996) by using VPL X to additionally calculate variances using the
method of random groups with 16 groups. She compared the SUDAAN results (i.e.,S? formulas with Taylor-series



approximations), the VPLX stratified-jackknife results, and the VPL X-random-group results for two different FRIS
surveyvariablesand foundthatin nearly all casesthe estimated rel ativeroot-mean-squareerrorsof theV PL X -random-
group estimated standard errors were larger than both those from SUDAAN and those from the VPLX stratified
jackknife. Thisdifference was particularly pronounced for the case of aggregated multi-stratum estimates.

The Economic Directorate usesthe method of random groupsto estimate variancesfor itsmonthly and annual surveys
of retail andwholesaletradeand for itsannual surveysof other serviceindustries. Rust (1985) statesthe[t]herandom
groups method is most useful in surveys using a large number of PSUs, where either many PSUs are selected per
stratum, or few gains are believed to result from the finer levels of stratification.” The surveys for which the
Economic Directorate uses the random groups method to estimate sampling variances satisfy these requirements.
Town (1997) used the random groups option of VPL X to calculate sampling variances for two surveys. FRIS and the
Annud Trade Survey (ATS) for wholesaletrade. Shefound that the number of linesof VPLX codethat were required
to calculate variancesfor thesetwo surveyswerevery different. For FRISonly 77 linesof VPLX codewererequired,
whereasfor ATS 3591 linesof VPLX codewere needed. Some of thereasonsfor thisdifference were thefollowing:

1 The VPLX program for ATS calculated variances for 17 different types of estimates: 7 type of unadjusted
estimatesand 10typesof census-adjusted estimates. Theseincluded raked and unraked estimatesof level, ratios,
percentages, trends of level estimates, and trends of ratios. The VPLX programs for FRIS, on the other hand,
calculated variances for only one type of estimate: census-adjusted estimates of level.

The VPLX program for ATS calculated variances for 22,309 estimates; whereas the VPLX program for FRIS
calculated variances for only 276 estimates.

1 TheVPLX programfor ATS calculated anumber of deriveditems, whereastheVPL X program for FRISdid not.

At the time of Town'’ sinvestigation some enhancements to the syntax rulesfor VPLX code had been completed and
more were planned for the future. Dr. Robert Fay, the developer of VPLX, recoded a portion of Town's VPLX
program for ATS using the proposed enhancementsto the VPLX syntax rules. Using the proposed syntax rules, the
VPLX code was 152 lines; using the proposed new syntax rules, however, it was only 31 lines. From her two
comparisons--FRIS versus ATS and “old” syntax versus“new” syntax--Town concluded that VPLX could be used by
StEPS to calculate variances for surveys that use the random groups method, but the implementation effort of using
VPLX for surveyslike ATSappeared to be quite high. Town recommended that the new syntax rulesfor VPL X beused
whenthey become available and that StEPS devel opers also “investigate alternative software approaches, such asthe
calculation by StEPS of random-group-level estimates followed by variance estimation using the method of random
groups performed by a general-purpose SAS macro.”

Dgjani (1999) further explored the random group method of variance estimation in order to make recommendations
on how it should be used in StEPS. Dagjani studied the problem of how the method of random groups should be used
to estimate variances for aggregate estimatesfoll owing the estimation of variancesfor more detailed estimates. This
same problem was studied by Kott (1999) in the context of using the del ete-a-group jackknife to estimate sampling
variances. InKott’' sstudy theaggregate estimateswere national-level estimates, and thedetailed estimateswere state-
level estimates; whereas in Dgjani’ s study the aggregate estimates were for two- and three-digit Standard Industrial
Codes (SICs) and the detailed estimates were for four-digit SICs. One approach to estimating the variances for the
aggregate estimates is to use the same replication method for the aggregate estimates as was used for the detailed
estimates. A second approach, labeled thehybrid method by Kott, isfor linear estimatorsto sum the variances of the
detailed estimatesto theaggregatelevel. For non-linear estimators one estimatesthevariance of afirst-order Taylor-
series approximation to the aggregate estimator, which is alinear combination of variances and covariances of the
aggregate totals, calculated by summation of the variances and covariances of detail totals.

Like Town, Dgjani sudied ATS; but Town used 1995 ATS data (the sample for which was selected in 1990), whereas
Dajani used 1997 ATS data (the sample for which selected in 1995). Dajani compared the two different approaches
for estimating the variances of aggregate estimatesfor ATS aggregate totals, ratios of aggregate totals, and trends of
aggregate totals. Dgjani found that the resulting differencesin the two approachesfor cal culating variance estimates
for all ATS aggregate totals, all trends of aggregate totals, and approximately 87 percent of the ratios of aggregate
totalswere not statistically significant. Sincethe use of replication to cal culate the variances of aggregate estimates



iseasier to program (because covariancesdo not haveto be cal cul ated), Dajani recommended that replication “ beused
to calculate variances for aggregate estimatesin ATS and in other surveysthat have asimilar sample design.”

Though the Census Bureau’ s economic surveys are primarily single-stage surveys, the Census Bureaus's Survey of
Congtruction (SOC) isamulti-stage, multi-frame survey. The SOC reporting unit is a construction project, not an
establishment selected from the Census Bureau’ s business register. Thompson (1998) and Thompson and Sigman
(1998) investigated the use of modified half-sample (MHS) replication to estimate variances for SOC. They
recommended that StEPS use VPLX to calculate MHS variance estimates for SOC instead of using legacy code that
calculated variance estimates with sampling-theory formulas.

Based on the research studies described above, the Economic Directorate decided in 1997 to calculate sampling
variances in StEPS using the following “two methods” approach (Sigman 1997):

1 Forsurveyswith single-stage Poisson-sampling designs, use appropriate sampling-theory formulas (see Sérndal
1996), and

1 For al other survey designs, use one of the replication options of VPLX.

Two recent devel opments, however, have caused the Economi ¢ Directorateto abandon thistwo-method approach. One
of these developments was that following the migration of three surveys into StEPS in 1998 we realized that the
implementation effort to use VPL X to calculate random group variances for eleven surveysin 1999 would be very
high. The second development was the decision by survey designers of severa surveys that in the past had used
Poisson sampling to instead use Tillé sampling (Till€ 1996, Slanta1999). Asaresult of thesetwo developments, we
replaced the two-method approach with the following four-method approach:

1 For surveyswith single-stage Poisson-sampling designs, use appropriate sampling-theory formulas.;

I For surveyswith single-stage Tillé&-sampling designs, use sampling-theory formulas described in Tillé (1996)
and Slanta (1999);

For al other survey designsthat use the random group method to cal cul ate sampling variances, use SAS macros
%rg_varl and %rg_var2, contained in StEPS (described in section 5.3); and

For all surveysthat do not use the random group method to cal culate sampling variances, use areplication option
in VPLX.

Insection 8wediscussareas of future research, thefindingsfrom which may resultinadditional changesto the StEPS
list of methods for calculating sampling variances.

4. Overview of StEPS

StEPSisageneralized survey processing system that the Economic Directorate has developed to replace 16 legacy
systems. In addition to reducing resources needed for system maintenance, one of the StEPS objectives is to shift
moreprocessing control tosurvey analysts. StEPS containsintegrated modul esfor data-collection support (e.g., mail-
label printing and questionnairecheck-in); editing; datareview and correction; imputation; cal cul ation of estimatesand
variances; and system administration (e.g., parameter specification and the submission and monitoring of batch jobs).
Functions not in StEPS include: frame development, sample selection, actual data collection, and dissemination.

StEPSisprogrammedin SAS, and it stores dataand parametersin SAS datasets. The Economic Directorate executes
StEPS mainly on Compag® Alpha® machines using UNIX as the operating system. Most users access StEPS via a
graphical (X-Windows) communication package loaded on their desktop microcomputer.

Ahmedand Tasky (1999, 2000) provide additional information StEPS. Tasky et al. (1999) describethe StEPS system
design and associated programming strategies. In particular, they statethat the devel opers of StEPS*“ decided on four
major design concepts:

1) “Design aset of standard data structures that remain the same, regardless of the survey and the data.



2) “Use parameters (stored in general data structures) to drive the survey-specific processing requirements.
3) “Generatea‘fat’ record dataset on the fly for certain modules... .
4) “Standardizefield names and possible value for similar concepts.”

The next section describes how these design concepts were implemented in the StEPS Estimates and Variances
Module.

5. Components of the StEPS Estimates and Variances M odule

In a large survey organization, the specification of survey processing operations requires inputs from multiple
specialists. Thisisespecialy true when specifying the cal culation of estimatesand sampling errors. Survey anaysts
knowWHAT estimatesto cal culatewith WHAT data. Thesample designer knowsHOW to cal culatethe estimatesand
sampling errors. Thus, one of the functional requirementsfor the StEPS Estimates and Variances Module wasthat it
permit specification of both WHAT and HOW information. A second functional requirement was that it be able to
calculate estimates and variances for many different surveys. A third functional requirement was that the Estimates
and Variances Module must be integrated with the other StEPS modules—.e., it should, where possible, use data sets
used by other modules; and its interactive screens should have a similar “look and feel” as those for other StEPS
modules.

Like other StEPS modules, the following are the major components of the StEPS Estimates and V ariances Module;
1 Standard data set structures for micro data, macro data, and processing parameters,

1 Interactive screens for specifying parameters, submitting batch jobs, and requesting results listings; and

I SASmacros and scripts for batch calculations.

Each of theseis discussed below.
5.1. Standard data set structures

StEPSstores micro dataincontrol filesanditemfiles. Micro dataincludes dataassociated with questionnaireitems;
data associated with survey operations such as sample selection, mailing, collection, or check-in; or auxiliary data
available from censuses or administrative sources. Theitem file can contain only numeric micro data, whereas the
control file can contain numeric and character data. Another difference between the control file and theitemfileis
that the control filehasa“fat” format, whereasthe item file has“ skinny” format. Inthe control file (i.e., fat format)
thereis one record per reporting unit (1D), and the fields within each record correspond to control-file variables. In
the item file (i.e., skinny format) there is one record per 1D/item combination, and fields within each record
correspond to different data versions (plusthereis afield containing a dataflag).

StEPS stores the following data versionsin each record of theitem file:

r; = reported data for item i and reporting unit j

&; = edited datafor item it and reporting unit j

a; = adjusted data for item it and reporting unit j

w; = weighted-adjusted data for item it and reporting unit j
The default value for edited dataise; = r; . StEPS users, however, may change edited data by using the Review and
Correction Module, or StEPS can change edited data via the Imputation Module.

Some surveysadjust micro datafor datacollection effects, such astrading day effectsin monthly surveysor in annual
surveys the effect on reported inventories of ending inventory dates other than December 31. One way that StEPS
adjusts micro datais

a; = f(t,B) e;,
where

t, =thevaueforitemi of avariable, caled adjustment type stored on theitem data dictionary file;

B, = avector of BY variables--i.e., categorical variables--associated with reporting unit j; and



f() = aSASformat that StEPS creates to map the vector (t;,B;) into user-provide adjustment factors.
Another way StEPS adjusts micro dataisto use user-provided SAS code stored in theadjust/derive definitions file.
Many surveys do not adjust their micro data, however, inwhich case g; = g; .

StEPS cal cul ates wei ghted-adjusted data using the following formula:
Wi = 25 Ongy ;& -

The quantity ?; is the sampling weight for reporting unit j. The control file stores threeg weights, g;; , 9, , and g ,
for each reporting unit. Wehad planned to usethe g-weightsinthemanner described in Estavao, et al. (1995), inwhich
if they are chosen appropriately the resulting weighted totals (or weighted means) are generalized regression
estimators. To date, we have not used the g-weightsfor this purpose. Oneway we have used the g-weightswasin our
annual retail trade survey, which collects someitemsfor only asubsample of the survey, welet?; storethefirst-phase
sampling weight and | et the g-wei ght store the second-phaseweight. Inthefuturewe planto usethe g-weightsto store
non-response adjustment factorsfor surveysthat use weight adjustment to handle unit nonresponse. Theg-weightis
equal to 1.0 for unweighted and Horvitz-Thompson estimators. Thequantityn(i) is theg-wei ght number and indicates
which g-weight, gy , G, , Of O3, iSassociated with itemi. If n(i)=0 thenitemi has ag-weight of 1.0. The g-weight
number, like the adjustment type, t;, isstored in theitem datadictionary, which contains onerecord for each item-data
variable.

Theitem file's skinny format can be difficult to usefor estimation and variance calculations. Consequently, StEPS
can create an estimation fat file, which has one record per ID, and the fields within each record can be any of the
following: control file variable; adjusted or weighted-adjusted version of an item file variable; constant data; or
recode, which isavariable created at the time of fat-file creation viaauser-provided SAS expression involving other
fat-filevariables. When StEPS createsan estimationfat file, avariableonthecontrol file, called thewei ghting switch,
sel ectsfor each | D the adjusted or wei ghted-adjusted version of theitemfilevariables. Certainvaluesof theweighting
switchzero out item datainthefat file or delete an entirerecord from the estimation fat file. By setting theweighting
switch to aparticular valuefor each I D, one can control the contents of each estimation-fat-file record, for purposes
such as handling deaths by zeroing out or deleting data or handling outliers by deleting or down-weighting to self-
representing.

StEPS stores macro datain estimation results files (ERFs). One ERF correspondsto onetable, which isthe result
of StEPS performing calculationsonanalysisvariablesfor individual values of categorical BY variables. Thetypes
of results StEPS stores in ERFs include: totals, ratios, trends, other derived estimates (i.e., functions of totals),
standard errors, CV's, covariances, t-tests, imputation rates and disclosure-avoidance information. The ERF has a
skinny format--each ERF record contains only one cal culated result, with other variablesin therecord identifying the
type of result, the name(s) of the analysis variable(s), and the value(s) of any BY variable(s).

Two files store estimation processing information: the estimation specification file (ESF) and the estimation
formulas file (EFF). The ESF storesparametersused by the SAS macrosdescribed in section 5.3; the EFF storesSAS
expressions and SAS code, also used by the SAS estimation macros. Both the ESF and EFF are populated via
interactive screens. Developing afilelayout for the ESF was challenging. Werejected askinny-record format of one
recordper parameter because of thecomplexity of fileupdatingfrom screensdisplaying multiple parameters. Instead,
we decided the ESF would have one record per specification, which isavector of parameters displayed together on
the same screen. In the ESF, sets of specifications (i.e., records) associated with the same type of screen and
processing action are called objects. For example, the“BY object” contains specificationsfor BY variables, whereas
the derived object contains specifications for the calculation of derived estimates.

5.2. Interactive screens

Interactive screen in the Estimates and Variances Module allow StEPS users to do the following:

1 Cdculate weighted datafor al items and IDsin theitem file.

I Run Quicktab program, which calculates weighted totals, year-to-year trends, imputation rates, unweighted
counts, and disclosure-avoidanceinformation. The Quicktab program requiresanalysisvariablesto beitemfile




variables and any BY variablesto be control filevariables. Quicktab doesnot calculate standard errors, CV's, or
derived estimates. The possible outputs from Quicktab are a SAS data set, an ASCI| file (for downloading),
printer output, or the SAS Output Window.

Enter and modify specifications and formulas for use by batch jobs. Specifications and formulas tell StEPS
WHAT to estimate with WHAT data. The StEPS user can select analysis and BY variables (from item data,
control data, recodes, or constants); specify the method of calculating standard errors (random groups, VPLX
replication, or formulas for Poisson or Tillé samplig); enter formulasfor derived estimates and the derivatives
of non-linear estimators); copy results from one ERF to another ERF; and remove results from an ERF.

Submit estimation scriptsto runin batch. Scriptsare described in more detail in section 5.3. A screen displays
the available scripts, and the user selects one of the displayed scriptsto runimmediately or at ascheduled time.

Review estimation results. A screen displays alist of ERFs, and the user can select an ERF for interactive
viewing with SAS/FSVIEW® or for formatting by StEPS into a printed listing.

5.3. SASmacrosand scripts

StEPSscriptsexecute SAScodethat ispart of StEPS or hasbeen generated by StEPS. For the Estimatesand V ariances
Module, scripts execute SAS code that ispart of StEPS. In particular, estimation scripts execute one or more of the
following SAS macros:

Y%extract — Creates estimate fat file.

%totals — Calculates totals and imputation rates.

%derive — Calculates derived estimates.

Y%erfrmt — Reformats an ERF.

%rtsumvar — Aggregates totals, standard errors, and imputation rates.

%copyl — Copies results between ERFs.

%remove — Removes results from an ERF.

%round — Rounds totals and standard errors

%vpl2stp — Stores VPL X -calculated estimates and standard errorsin an ERF (Dgjani 1999a).\

%rgvar_1 — Calculates replicate totals from random group totals.

%rgvar_2 — Calculates replicate-based standard errors from replicate estimates.

%vrncs p— Calculates standard errors for Poisson-sampling designs.

%vrncs t — Calculates standard errors for Tillé sampling designs.

%cvrncs t — Calculates covariances for Tillé sampling designs.

Ytaylor — Calculates standard errors of non-linar estimates using Taylor approximation.

Many of these macros are individualy controlled by parameters analysts have entered into the ESF and EFF.
Parameters specify WHAT to estimate and WHAT datato use. The estimation script controls the overall logic of
HOW to cal cul ate estimates and variances. Because thisdependson the sampledesign, surveyswith different sample
designsrequire different scripts. Also, the sample designer should be involved in devel oping an estimation script--
either as an advisor or as the person who produces the script.

6. Examples of estimation scripts

StEPS has two type of scripts: generic scriptsand completescripts. A genericscriptisaSASprogram that executes
SAS code contained in StEPS or generated by StEPS. In a generic script, macro variables are used to refer to the
survey, statistical period, and other job submission conditions. StEPS users (or StEPSimplementation staff) prepare
generic scripts using the SAS Editor or other word processing package. A complete script, on the other hand, is
createdby StEPS, andit linksto acorresponding generic script (viaa%include statement). A complete script defines
the macro variables that are used in the corresponding generic script.

Example 1: Create fat file, calculate totals and derived estimates, and cal culate CV susing method of random groups.



Discussion: Since line 1 beginswith an“*”, itisa
SAS comment and is ignored by the batch

Generic script: processing. The information in line 1 is used,
01 *sc_no=F001 sc_desc=Examplel; however, by theinteractivescript-submissionscreen

to identify the script number (FOOL) and the script
description(“ Examplel"). Thisinformationappears
onthe script-submission screeninthelist of scripts

02 %include ‘/steps/central/autocall.sas’;
03  %setlibs(survey=&survey,statp00=&statp00);

04 %getstime; available for submission. Line 2 makes SEPSSAS
05 Ylet ntbles=1; %let table1=F401; code availableto the batch program. Line 3 creates
06  %extract; all needed SAS LIBNAMEs and UNIX environment
07  %totals(rg=y); variables. Line 4 puts the starting time into the
08  %rg_varl(intab=F401, outerf=F401); macro variable & startme. Lines5 and 6 createthe
09  %derive: estimation fat file needed to calculate totals. Line

7 caculates random group totals and stores the

10 %rg_var2(inerf=F401,outerf=FA401); results in ERF F401. Line 8 converts the random

11 %applog(module=estimate, submod=&sc_no, group totalsin ERF F401 into replicatetotals. Line
starttme=&startme,prgnme=&sc_no, 9 updates ERF F401 with derived estimates
otherinfo=&sc_no); calculated for each replicate. Line 10 calculates

standard errors from the replicate estimates and
stores them in ERF F401 along with the full-sample
estimates and the associated CVs. Line 11 puts
information in the production log about the

completed batch job.

Example?2 : Calculate totalsand imputation ratesfor X SALES00 and XESALEOO with BY 1=state and BY 2=NAICS6
(i.e.sixdigit NAICScode) and storein ERF F301. File ERF F302 containscensustotalsCSALESwithBY 1=NAICS2
(i.e, two digit NAICS code). Adjust XESALESOO(state,NAICS6) by multiplying by

F(NAICS2) = CSALES(NAICS2) / XSALESOO(NAICS?) .

Discussion: Lines 1 through 4 are the same as Example 1.

Generic script: . . Lines5. 6 and 7 creste an estimation fat file containing all
01-04 ... (comment, %setlibs, %bgetstime) the variables needed to cal culate totals (in line 9), aggregate
05  %let ntbles=2; results (inline 10), and reformat an ERF (inline 13). Lines
06 %let table1=F301; %let table2=F302; 8 and 9 calculate totals and imputation rates for ERF F301
07  %extract; with BY 1=state and BY2=NAICS6. Line 10 aggregates
08 %let ntbles=1: resultsin ERF F301 and puts the aggregated resultsin ERF

F302, with BY 1=NAICS2. Lines 11 and 12 calculate the
adjustment factors and stores them in ERF F302. Line 13
reformats the adjustment factors in ERF F302 into the

09  %totals(imprate=y);
10  %rtsumvar(intn=F301, outn=F302);

11 %let table1=F302; structure of ERF F301, where the reformatted adjustment

12 %derive; ** Calculate F(NAICS2) **; factorsarestoredwithBY 1=stateand BY 2=NAICSB. Lines

13 %erfrmt(inth=F302, outn=F301, 14 and 15 calculate adjusted X ESAL EQO values and updates
incndtn=%str(ITEM EQ F)); ERF F301 with these results.

14 %let table1=F301,;
15  %derive; **Calculate adj XESALEQO **;
16 ... (%applog)

7. Implementation Experiences

INn 1998 the Economic Directorate used StEPSfor production processing of threeannual surveys. Thelargest of these
wasthe (wholesale) Annual Trade Survey (ATS), with astratified sample of approximately 7000 reporting units. The
other two surveys were small industrial-product surveys; onewas a Poi sson samplewith lessthat 600 reporting units
and the other was a cut-off sample with less that 200 reporting units. In 1998 interactive screens for entering
estimati onspecificationshad not yet been devel oped. Thus, devel opment staff typed estimation parametersintofixed-
field ASCII files for the three surveys. This was tedious and error prone, which motivated the development of
interactive screensthat wereusedin 1999. In 1998 the StEPS devel opers created the estimation script filesfor these
three surveys.



In 1998 we used VPLX to calculate variances for ATS using the method of random groups. Thelength of the VPLX
program used to cal culatethese varianceswas 513 lines. Sincein 1999 therewould bean additional ten StEPS surveys
using random groupsto cal cul ate variances, we concluded that theimplementation effort invol ved in continuing to use
VPLX for these surveyswasunacceptably high. Hence, wedecided to devel opthe StEPS macros%rg_varl, %rg_var2,
%rtsumvar, and %erfrmt for calculating random group variancesin 1999.

The production of variances for ATS was improved considerably in 1998 over what was possible from the legacy
system. ATS calculates census-adjusted estimates, and the legacy system incorrectly treated the adjustment factors
as constants. StEPS, however, was able to correctly cal culate the variances of the ATS census-adjusted estimates by
treating them as ratio estimates. Another improvement over the legacy system was that the interactive script-
submission capability of StEPS permitted survey analyststo obtain estimates and variances upon demand, which was
not possible from the legacy system.

IN1999 the Economic Directorate used StEPSfor the production processing of fifty surveys. Eleven of thesesurveys
wereservice-sector surveysthat used random groupsto cal culatevariances. Thesesurveysrangedinsizefromassmall
as 4,000 reporting units to as large as 27,000 reporting units. Two of the surveys processed by StEPSin 1999 used
Poi ssonsampling; and onesurvey, theM anufacturing Energy Consumption Survey, used Tillésampling. Theremaining
30+ surveys were industrial -products surveys that used cut-off sampling.

In 1999, survey analysts for the eleven service-sector surveys and for one of the Poisson-sample surveys used
interactive screensto enter estimation specificationsinto StEPS. Asin 1998, however, estimation scripts were for
the most part created by StEPS development staff. In 1999, we did not use VPLX to calculate random-group
variances-instead, we used StEPS macrosto cal culate random group variancesfor the eleven service-sector surveys.
For the Poisson-sampleand Till é&-samplesurveys, wewill usethe StEPSmacros%vrncs_pand%vrncs t, respectively,
to calculate variances. For the 30+ surveysthat were cut-off samples, analysts used Quicktab to cal cul ate estimates,
so it was not necessary for scripts to be written or for estimation specifications to be entered into StEPS.

8. FutureActivities

The Economic Directorate plansto migrate additional surveysinto StEPS. One of theseisthe Survey of Construction
(SOC), whichwill usethe Estimatesand V ariances M odul e of StEPS (and not the other modulesin StEPS). Because
SOC isa multi-stage survey, wewill use VPLX to calculate SOC variances. Another survey migrating into StEPSis
the Annual Capital Expenditures Survey (ACES), which has a stratified sample design. We plan to investigate the
stratified jackknife for estimating variances for ACES.

Theuse of standard datastructuresin StEPS facilitates comparative methodol ogical research. We plan on comparing
replication-based variances with those cal cul ated using the sampling-theory formulasfor Poisson and Tillé sampling.
Another study we plan onconducting will compare random group variancesto those from adelete-a-group jackknife.

Finally, we observe that the development of a survey processing system is ajourney, not a destination. Lessons
learnedfromtoday’ sprocessing suggest enhancementstothesystemto performtomorrow’ sprocessing. Onepossible
enhancement tothe Estimatesand V ariancesM odul eisto provide agraphical user interfacefor devel oping estimation
scripts. Another possibleenhancement istointerface estimationresultsfilesfrom StEPSto onlineanalysistool ssuch
as SASEIS® and SASINSIGHT®.
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